Restricted maximum likelihood (REML) was used to determine the choice of statistical model, additive genetic maternal and common litter effects and consequences of ignoring these effects on estimates of variance-covariance components under random and phenotypic selection in swine using computer simulation. Two closed herds of different size and two traits, (i) pre-weaning average daily gain and (ii) litter size at birth, were considered. Three levels of additive direct and maternal genetic correlations (r dm ) were assumed to each trait. Four mixed models (denoted as GRM1 through GRM4) were used to generate data sets. Model GRM1 included only additive direct genetic effects, GRM2 included only additive direct genetic and common litter effects, GRM3 included only additive direct and maternal genetic effects and GRM4 included all the random effects. Four mixed animal models (defined as EPM1 through EPM4) were defined for estimating genetic parameters similar to GRM. Data from each GRM were fitted with EPM1 through EPM4. The largest biased estimates of additive genetic variance were obtained when EPM1 was fitted to data generated assuming the presence of either additive maternal genetic, common litter effects or a combination thereof. The bias of estimated additive direct genetic variance (VA d ) increased and those of recidual variance (VE) decreased with an increase in level of r dm when GRM3 was used. EPM1, EPM2 and EPM3 resulted in biased estimation of the direct genetic variances. EPM4 was the most accurate in each GRM. Phenotypic selection substantially increased bias of estimated additive direct genetic effect and its mean square error in trait 1, but decreased those in trait 2 when ignored in the statistical model. For trait 2, estimates under phenotypic selection were more biased than those under random selection. It was concluded that statistical models for estimating variance components should include all random effects considered to avoid bias. 
Introduction
Genetic improvement of the rate of growth to weaning and litter size is an important breeding goal in swine (Ollivier et al. 1990) . Therefore, accurate estimates of genetic parameters for these traits are essential for estimating breeding values and optimizing prediction of genetic response to selection. However, these traits may be determined not only by its own genotype but also by the maternal environment, i.e. maternal effects. Maternal effects are important to animal breeders who would like to eliminate the influence of the effects so that selection is for direct genetic merit. However, interest also exists in maternal effects for improving maternal genetic performance. Thus, estimates of direct and maternal genetic variances and their covariance are required to develop efficient selection programmes (Southwood and Kennedy 1990) . Several studies have reported estimates of direct and maternal genetic parameters for economic traits in swine (e.g. Alfonso et al. 1997; Kaufmann et al. 2000) . However, a suitable model for estimating variance components is generally unknown. Moreover, it is not clear whether simpler models including direct genetic effects only are as accurate as more complex models that include maternal genetic and common litter effects in the model under different population sizes and selection strategies.
The use of restricted maximum likelihood (REML) under an animal model for estimation of genetic variances and covariances allows separation of genetic effects from random environmental and other nuisance effects and can be easily extended to estimation of other effects such as maternal genetic and common litter effects. However, the accuracy of estimating variance components is dependent on the data structure of the population and the model used (Misztal 1990; Gerstmayr 1992; Clé ment et al. 2001) . In addition, maternal genetic effects are generally difficult to estimate, unless a very well designed data set is available (Meyer 1992) , because environment as well as genetics contributes to maternal effects (Roehe and Kennedy 1993c) . However, ignoring maternal effects may increase the prediction error variances for predicted genetic values, thereby biasing heritability estimate based on direct genetic effect. This may result in lower response to selection than expected genetic gain (Roehe and Kennedy 1993a,b) .
One approach to account for maternal genetic and common litter effects in estimating genetic parameters is by including or excluding these factors in the statistical model. This will help in determining the effects of these factors on estimates of genetic parameters. The objectives of this research were: (i) to compare estimates of variance components using different animal models to determine whether simpler models produce estimates similar to those produced by more complex alternatives, (ii) to examine the effects of selection and assess the impact of missing records on a sex-limited trait on REML estimates of variance-covariance components under different population sizes and selection strategies and (iii) to determine the most suitable mixed model for estimating genetic parameters in the presence of maternal genetic and common environmental litter effects using REML.
Materials and methods

Simulation
A stochastic simulation of two closed breeding herds of 10 sires and 50 dams (small population, SP) and 50 sires and 500 dams (large population, LP) per generation was conducted, assuming six generations including base population without overlapping, to compare the accuracy of estimates of genetic parameters. From each litter, two gilts and two boars were reared to weaning for breeding stock. Two different traits, pre-weaning average daily gain (trait 1) and litter size at birth (trait 2), were considered. Except for the base population, each animal in trait 1 and each female in trait 2 were assumed to have one phenotypic record. Selection was either at random or on phenotypic performance of the individual. Following selection, sows and boars were mated randomly.
Four different mixed animal models denoted as GRM (GRM1 through GRM4) were used for generating records. Model GRM1 included only additive direct genetic effect, GRM2 included additive direct genetic and common litter effects, GRM3 included additive direct and maternal genetic effects and GRM4 included all random effects as described below,
where y and b are vectors of observations and fixed generation effects, d and m are additive direct and maternal genetic effects and c and e are common litter and residual effects, respectively. X, Z 1 , Z 2 and Z 3 are incidence matrices relating records to the corresponding fixed or random effects. Random effects were sampled from a normal distribution with zero mean and variance-covariance matrix of: where A and I represent the additive genetic relationship and identity matrix, respectively and r 2 d , r 2 m , r dm , r 2 c and r 2 e represent additive direct and maternal genetic variances, covariance between additive direct and maternal genetic effects, common litter and residual variances, respectively. The implied genetic model is known as an infinitesimal model, as described by Bulmer (1980) . The base population was assumed to be unselected, noninbred and unrelated.
The genetic parameters used in GRM1 through GRM4 to generate simulation data were assumed to be known without error. Initial r 
Statistical analysis
For each replicate, genetic variance and covariance components were estimated using derivative-free REML (Graser et al. 1987; Meyer 1989 ) using mtdfreml programs (Boldman et al. 1995) . Different animal models excluding or including additive genetic maternal effect, common litter environmental effect, or a combination thereof were used for univariate analyses. To examine the differences in estimated variance and covariance components from different models and to determine the best fitting model, each of the four data sets generated by GRM1 through GRM4 was fitted with four different mixed animal models, defined as EPM (EPM1 through EPM4) whose structure and definitions were analogous to GRM and are described as follows: 1. Animal model under additive direct genetic effect (EPM1). 2. Animal model under additive direct genetic and common litter effects (EPM2). 3. Animal model under additive direct and maternal genetic effects (EPM3). 4. Animal model under additive direct and maternal genetic effects and common litter effects (EPM4).
For each data set generated by each of the GRM, four different mixed animal models, defined as EPM, were used to estimate genetic parameters. All models contained the same fixed generation effect. In the REML analyses, iterations were stopped when the variance of function values in the simplex was < 1 Â 10 À9 . Averages and mean square errors (MSE) of parameter estimates were computed for each EPM. The average true additive direct (VA d ) and maternal (VA m ) genetic variances, and their covariance (CA d A m ) were calculated from each replicate using quadratic form (Schenkel and Schaeffer 2000) as
where n 1 is the number of animals after five generations. The average true common litter (VC l ) and residual (VE) variances were estimated from each replicate as
where n 2 is the number of animals with records. Bias in this study was defined as the average difference across replicates between estimates and their true values. The importance of additive maternal genetic and common litter effects was assessed by likelihood-ratio tests (LRT) comparing maximum likelihood values (Rao 1973 ) from EPM1, EPM2, EPM3 and EPM4. Minus twice the difference between the two log likelihoods was compared with chi-squared values with degrees of freedom equal to the difference in the number of parameters between the models after the convergence criterion was reached.
Results
In the simulated populations, the average inbreeding coefficients and their standard deviations at generation five after selection at random and on phenotype were 5:6 AE 0:8% and 6:6 AE 1:3% in SP and 1:1 AE 0:1% and 1:4 AE 0:1% in LP, respectively. Pooled average of VA d and VA m were 29.84 and 4.96 for trait 1 and 9.95 and 4.96 for trait 2 in SP. Corresponding values were 30.01 and 5.00 for trait 1 and 10.00 and 5.00 for trait 2 in LP, which were close to the simulation parameters of 30.0 and 5.0 for trait 1 and 10.0 and 5.0 for trait 2, respectively. Coefficients of variation of each VA d and VA m were approximately 5% in SP and 1% in LP (values not presented).
The results from SP and LP were similar. Therefore, in the following tables, results based on LP for various scenarios studied and one table for SP based on EPM ¼ GRM are presented. Table 1 presents estimates of VA d , VA m , VC l and VE estimated by model EPM1 through EPM4 when data were generated using model GRM1 under random and phenotypic selection for the two traits in LP. Also presented in the table are true values of VA d and VE used in direct genetic effect model (GRM1) to generate data. All estimates of VA m using estimation models EPM3 and EPM4 were zero. Therefore, the estimates of CA d A m were zero and are not presented in the table. With the exception of phenotypic selection for trait 2, which resulted in lower values of VA d and VE than the true values, all estimates obtained from EPM1 through EPM4 were almost identical to the true values and lower than their mean square errors. Model EPM1 and other estimation models (EPM2 through EPM4) did not have statistically different logs of the likelihood.
Estimates of VA d , VA m , VC l and VE obtained from EPM1 through EPM4 based on data generated using direct genetic and common environmental effects model (GRM2) for LP are presented in Table 2 . All estimates of VA m were zero, hence, CA d A m are not presented in the table. Within selection strategy, using EPM1 and EPM3 resulted in identical estimates of VA d and VE. However, these estimates were large and biased. Except for phenotypic selection in trait 2, where lower estimates than true values were observed, estimates of variance components obtained from EPM2 and EPM4 were identical and similar to the true values. LRT showed significant differences between EPM2, and EPM1 and EPM3. 
Discussion
Variance component estimates REML based on an animal model has been widely used to estimate maternal genetic variance (e.g., Rodriguez et al. 1994) , common litter variance (e.g., Johnson et al. 1999) and simultaneously both variances (e.g., Crump et al. 1997a,b) in swine. However, the importance of maternal genetic effects in estimates of variance-covariance components has been controversial. Using REML under animal model, Mercer and Crump (1990) and Peré z-Enciso and Gianola (1992) found no maternal effects, whereas Southwood and Kennedy (1990) and Ferraz and Johnson (1993) reported significant presence of maternal effects. These results showed that the presence of maternal effects depended on traits, population structures, or models for estimating maternal effect. Several studies have compared alternative models for estimating genetic parameters by either including or excluding maternal genetic (Rodriguez et al. 1994 ; Roehe and Kennedy 1995) and common litter (Hermesch et al. 2000 ) effects in the model using field data. Ferraz and Johnson (1993), Irgang et al. (1994) and Alfonso et al. (1997) also compared different animal models with respect to direct and maternal genetic variance-covariance and common litter variance components for litter size at birth in swine. Their results suggested that the parameter estimates were specific to models used. However, as the true model for estimating variance components is generally unknown, the choice of a suitable statistical model is of paramount importance. In this study, the largest biased estimates of VA d than true values were observed when a simpler model including only additive genetic effects was fitted to data generated assuming the presence of either additive maternal genetic or common litter effects or a combination thereof. The results show that use of a simpler model may be appropriate only in the absence of maternal and common litter effects. Biased estimates of VA d were also observed when a model excluding either additive genetic maternal or common litter effects was fitted to data generated assuming the presence of the corresponding effect or the presence of both effects. These results show that use of these simpler models would result in biased estimation of the direct genetic effect and thereby the direct heritability. The practical consequence is that, this would result in lower genetic gain than expected. This is in agreement with an earlier report by Haley and Lee (1992) for gilt birth weight, weaning weight and litter weight at birth. In this study, larger estimates of VA m than true values were observed when a model excluding common litter effect was fitted to data generated assuming the presence of additive maternal genetic and common litter effects. This is consistent with the results reported by Alfonso et al. (1997) , who found that maternal genetic effects could be overestimated when maternal environmental effects are ignored.
In the present study, VA d was biased in the upwards direction when a model excluding either additive genetic maternal or common litter effect was fitted to data generated assuming the presence of the corresponding effect. Changes of correlation between additive Table 1; d Likelihood-ratio test of difference from ERM which is identical to GPM; e Empirical square root of mean square errors from 100 replicates; NS, not significant; *p < 0:01 292 M. Satoh et al. e Empirical square root of mean square errors from 100 replicates; NS, not significant; *p < 0:01 293 Statistical model for estimating genetic parameters direct and maternal genetic effects also affected the estimates of variance components when models used for estimating genetic parameters were not appropriate. These results are in agreement with a study by Meyer and Hill(1992) who stated that parameters are correlated in models with multiple parameters implying that change in one parameter will lead to a corresponding change in the other parameter. However, when the model incorporating all random effects (EPM4) was used to estimate genetic parameters, the most accurate estimates were obtained even if data were generated assuming the absence of any effects. The suitable model for estimating variance components may be assessed by the value of the likelihood function. Comparison of the model on the basis of a likelihood function showed that EPM4 was the best fitting. These results agree with those obtained by Clé ment et al. (2001) on simulated data for sheep. For these reasons, the best fitting and most accurate model is that which incorporated all random effects when true model is unknown.
Selection and sex-limited trait
One of the objectives in this study was to assess the effects of selection on estimates of variance components. REML is generally recognized for producing unbiased estimates of genetic variance in the presence of selection (Henderson 1986 . Jensen and Mao (1991) and Schenkel and Schaeffer (2000) reported unbiased estimates of variance components under REML in a simulation study using all pedigree information and observed records from a population under selection. This is consistent with the results in the current study in which data are generated by assuming the presence of several random effects.
We found smaller MSE of variance component estimates from random selection than from a phenotypic selected population. Pieramati and van Vleck (1993) and Van compared the effects of selection on estimates of variance components using REML, assuming an animal model with overall mean as the only fixed effect in the model. They also found smaller MSE of variance component estimates in nonrandom parental-selected populations than in random mating populations. However, Schenkel and Schaeffer (2000) obtained results in which MSE of parameter estimates in nonrandom selected populations were larger than in random selected population when contemporary groups were included as a fixed effect. The model used in the present study included generation effects as a fixed effect. In the present study, REML estimates of genetic variance from data with all observed records and complete pedigree information were unbiased under selected population. However, the joint effects of nonrandom selection and sex-limited records caused biased estimates of genetic parameters. Bias from prior selection could be removed when relationships between these assumed base animals are included in the model (Sorensen and Kennedy 1984) . However, the joint effects of nonrandom parental selection and missing pedigree information caused estimates to be highly biased (Schenkel and Schaeffer 2000) . Van der Werf and de Boer (1990) reported estimates of additive genetic variance from data sets that differed in number of generations with records known. They showed that omitting data from selected ancestors caused biased estimates of additive direct genetic variance and it was larger in the large population. In the present study, underestimates of VA d and VE were found in both small and large population in selected sex-limited traits. The effects for estimating variance components after omitting data may vary between different methods. These results suggest the importance of not only complete pedigree information but also of all observed records for estimating variance components when population was selected. In the joint effects of selection and sex-limited records, both VA d and VE were underestimated, hence the bias of heritability estimates may be smaller. However, if population was selected by aggregate breeding values of multiple traits, including sex-limited trait, then it may not be optimum selection.
